This is the published version of the paper.
Introduction
Through-life Engineering Services (TES) aligns MRO function with the operations strategy of an organisation. TES is important and facilitated by the correct application of technology supported by the efficient use of service knowledge [1] . TES applies advanced technologies for condition monitoring and prognosis to help operators reduce downtime and provide improved availability of products.
In the manufacturing and aerospace domains, time remains a constant independent variable which every other variable depends on. The reliability of the repairable system is essential to help determine the life of the system based on predictive maintenance to reduce failure of an assembly [2] .
Application of prognostics approaches in the modelling and simulation of gas turbine engine mechanical components for an assembly can give a better understanding of the behaviour of a system.
The intent of the authors is to convert the observed rejection rate data into an understanding of the underlying parts degradation rate as an issue. The problem is to show the through-life performance of an assembly of mechanical components. The demonstration of the unreliability of modelling and simulation of a set of components within an assembly has become essential because of the difficulty of undertaking physical-model-based prognostics. The historical and current health information as well as expert experience are used in a degradation model to visualise the simulated results. The data-driven prognostic approach uses only the available data to model and simulate the deterioration of parts.
The contribution in this paper is applying data-driven model to develop a through-life performance approach that establishes when an asset should be ready for detailed maintenance, repair and overhaul before failure occurs.
The most common prognostic approaches to demonstrate the effectiveness of the predictive maintenance modelling include physical model, data-driven, knowledge and hybrid [3] - [6] .
The focus of this article is to develop a predictive maintenance strategy applicable to system reliability in the manufacturing, aerospace gas turbine, and other domains relative to concurrent system operations. The goal of this paper is to model and simulate an engine assembly in order to predict the number of parts expected to fail at a given inspection time. The remainder of this paper includes maintenance strategies, data-driven prognostics maintenance strategy, case study, results and discussion, and conclusion.
Maintenance strategies
The maintenance strategies are classified as taxonomy with a focus on the selected strategies in the blue boxes in Figure 1 . Maintenance is conducted using different strategies for the management, control, execution and quality of activities to ensure reasonably design levels of availability and performance of assets to meet business objectives [7] . 
Classification of Maintenance Strategies
Over the last sixty year the world has transformed the maintenance perspective [7] . Corrective maintenance is often called repair tasks carried out after an asset has failed [2] . Corrective maintenance was the viable option for engineers to fix or replace breakdown equipment. Though, corrective maintenance is still very much in use. However, the corrective maintenance aims only to bring equipment back to its functioning state [2] .
Preventive maintenance is described as a planned maintenance performed when an item is functioning properly to prevent future failures [2] . The preventive maintenance strategy consists of opportunity-based and condition-based.
Classification of Preventive Maintenance Strategies
Condition-based Maintenance (CBM) describes the measurements of one or more condition variables of an asset, which is initiated when a condition variable passes its threshold [2] . Condition-based maintenance is a predictive strategy performed to determine the state of an in-service system to perform maintenance when the need arises [2] , [3] . The necessity concept is determined by assessing the health condition of the equipment continuously and extrapolating it to a predefined failure threshold [8] , [9] . Condition-based Maintenance refers to predictive maintenance while others are termed traditional or conventional maintenance. However, a predictive maintenance culture can be adopted for on-time decision making to assess the health of a component inservice before system failure.
Opportunity maintenance is another form of preventive maintenance applicable for multi-item systems where maintenance tasks on other items give an opportunity for carrying out maintenance on which were not the cause of opportunity [2] . The opportunity maintenance is the replacement of equipment components that are yet to fail based on available maintenance resources [10] . Opportunity maintenance aims to improve system availability and reduce production loss and results in a reducing operations excellence and increases production efficiency [11] .
Classification of Condition-based Preventive Maintenance Strategies
Diagnostics is the process of checking faults and the health state of sub-systems and units in an operational environment with the aid of sensors. During maintenance, inspection is required to identify components and provide information on the current performance status [12] .
In [13] , the turbine section of a gas turbine houses singles and multiple stage parts. However, the focus is on the singlestage. The single stage part are superficially inspected using a Borescope for bowing by gaining entrance into the turbine through the combustion chamber areas or by opening inspection access holes Prognostics is predicting the duration after which a component can no longer perform its intended or expected functionality to improve system safety. The International Standard Organisation (ISO 13381-1:2004) define Prognostics as "the estimated-time-to-failure (ETTF) and the risk of existence or subsequent appearance of one or more failure modes" [14] .
Classification of Prognostics Maintenance strategy
a. Data-driven: Data-driven techniques are derived from the configuration, usage, and historical 'run-to-failure' data applicable to maintenance decision making. Data-driven techniques are often used for estimation thereby informing the maintenance decision based upon failure threshold. Gåsvik et al. [15] proposed a 'wavelet packet' decomposition approach and/or Hidden Markov Models (HMMs) to be used where the time-frequency features allow more precise results than using time variables only. However, Xionyzi et al. [5] noted that the approaches consequent from historical data used for predicting asset life without foreknowledge of the physics of the formation of a component. Javed et al. [16] proposed a long-term prognostics of Proton Exchange Membrane Fuel Cells (PEMFC) stack to estimate life. Their work contributes to data-driven prognostics of PEMFC through an ensemble of constraint-based Summation Wavelet-Extreme Learning Machine (SW-ELM) algorithm to improve accuracy and robustness of long-term prognostics. A new framework for life estimation using support vector machine classifier and a Weibull function for the general degradation of equipment due to ageing was proposed Louen et al. [17] .
b. Model-based: The model-based approach is also known as the physical-model-based approach. Physical model-based refers to an understanding of the physics for reliability estimates. The authors in [18] attributed Physics-of-Failure (PoF), physical science of components and generated empirical equations. The authors in [19] propose the use of a simple crack-growth-model for predicting RUL of a system affected by fatigue failure mechanism. Failure measures such as crack by fatigue, wear, and corrosion of components relate to mathematical laws used to estimate RUL [14] , [20] . Thus, huge costs and parts specifications which are not reusable earn this methodology these limitations [21] . The modelbased technique requires a combination of experiment, observation, geometry, and condition monitoring of data to estimate any damage resulting from a particular failure mechanism. Leisieutre et al. [22] , a design a classified modelling approach for system simulation predicted RUL. Jardine et al. [3] focus on a mechanistic modelling applicable to model-based approach to extract the relationship between the lifetime and condition variables in helicopter gear.
c. Knowledge-Based: The knowledge-based approach combines experience and computational intelligence techniques relative to stored information from domain experts and rule sets for interpretation [23] . An expert system for decision support can seem like a performance service system for service delivery based on the principles of service feedback for analysis. Parameters of reliability are estimated using an experience-based technique to gather information for understanding the operations of an asset [14] . Knowledgebased techniques assess the similarity between a temporary situation and a databank of prior failures, and infer the life expectancy from previous occurrences using an expert and fuzzy systems [4] . Knowledge is the through-life accumulation of data from experience based on stochastic and probabilistic models of degradation of parts [24] . An expert knowledge technique based on experience was used to develop an expert system that is applicable in plants diagnosis and prognosis by using fuzzy inference system to define easy to understand rules based on the IF-THEN statement [25] . There are difficulties in converting domain knowledge to rules which requires another technique for prognostics and challenges in building rules.
d. Hybrid: A hybrid model is a collection of one or more techniques. Hybrid models use a combination of several techniques for estimation to improve accuracy. Hybrid models use parametric and non-parametric data to perform estimations and to improve accuracy [23] . Data quality and wholeness can be insufficient for the data-driven model because they require historic data historical knowledge. However, [6] reviewed three state-of-the-art models for RUL prediction about the experimental-based model, data-driven model and physics-based model as well as Hybrid approaches. In [3] , a review of machinery diagnostics and prognostics, implementing condition-based maintenance shows that statistical, artificial intelligence and model-based prognostic approaches can be used to estimate life with improved accuracy.
Data-Driven Prognostic Maintenance Strategy
The data-driven prognostics maintenance strategy is used to create a through-life performance approach to forecast future inspection of components before failure happens to proactively take action. The data-driven prognostics strategy uses failure data only for estimation. This section outlines the methodology for predictive maintenance modelling for through-life engineering services. The activities in the process include data acquisition, parameter estimation, prognostics modelling, and decision making as illustrated in Figure 2 . The prognostic data-driven maintenance strategy is as follows:
a. Pre-processed data: The initial step in the prognostic data-driven strategy is data acquisition. Historical data from databases can be used to perform estimations. However, in this research, synthetic data (see Table 1 ) were developed using domain expert knowledge. The data gathered are based on a conventional preventive maintenance strategy such as opportunity-based. The assumed data relate to the operational interval maintenance of overhaul stages. These overhaul stages denote failure time. The failure time for the overhaul stages are in cycles. The System number denoted the engine model. The QpA denotes the quantity of parts in the assembly. The overhaul stages can increase based on the maintenance policy. The pattern for developing the failure is based on the operation of the complex engineering equipment. In this example, the first overhaul, 10% of the parts in the assembly are expected to fail, 20% of the parts in the assembly should fail at the second overhaul stage, and 45% are expected to fail at the third overhaul stage. The failure rate were all assumed but validated by experts in industry. [26] .
The Weibull cumulative distribution function (CDF) is represented as F(t).
( 1) where, t is the failure time, denotes a shape parameter is the scale parameter. The Weibull analysis describes the failure rate (shape parameter) where = 1 relates to constant, < 1is decreasing failure rate, and > 1 signifies increasing failure rate.
The degradation data considered for parameter estimation is the failure time of the overhaul stages, which is the failure time in cycles as shown in Table 1 . The parameter estimation can be achieved using the least square method and maximum likelihood estimation method.
i. Least Square Method (LSM):
The two parameters η and β shown in Equation (1) can be estimated using LSM. The LSM has been widely used to address mathematical and engineering problems [17] , [26] . Consider (2) where R(t) is the reliability function. The parameters are chosen through minimising the sum of squared residuals shown as
where R(t i ) represents the remaining performance and WT i denotes the weight factor of the time-step i, and n is a random sample. The weighing becomes a forgetting factor for the degradation [17] . The non-linear LSM problem generated can be represented by a linear formula.
(4)
Where x i = ln(t i ), y i =ln(ln (1/R(t i )) ), and = -•ln( ). The parameters η and β of the Weibull distribution function are finally given as (5) (6) ii. Maximum Likelihood Estimation (MLE): The MLE is a different method for estimating two parameters of η and β. The outcome of the estimated parameters will be applied in the prognostic modelling. The MLE is commonly utilised due to its numerical accuracy [26] , [27] .
The likelihood function is used to estimate the two parameters required for Equation (1) . Consider n random samples with F(t,η,β).
where L the likelihood. The maximum likelihood of F(t,η,β) is the outcome of solving The Equation (11) was solved for using the NewtonRaphson method. The parameters can be calculated as
c. Prognostics modelling: This section relates to the modelling of the parts in an assembly. The estimated parameters of the Weibull function from the LSM and MLE methods were applied in the prognostics model. Prognostic modelling simulates the number of parts expected to fail by the first overhaul and subsequent overhaul stages. The flowchart for the modelling is presented in Figure 3 shows a typical input, process and output process depict the application of the mathematical model. Variables and formulae required for the modelling and simulation are presented as a flowchart in this section. The model for the prediction approach is an inclusion of the number of parts at the beginning of the operation into the Weibull function in Equation (1), which then translates into (12) where y is the number/rate of expected parts failure, t represents failure time of overhaul stages (1, 2,…, N) , TN is the total number of parts (e.g. 40). The flowchart shows the process flow for predicting the number of parts expected to fail. The process continues until it reaches the Nth overhaul stage. The output will further be discussed in the Results section.
d. Decision Making:
The simulation of the prognostic model is dependent on the estimated parameters of η and β of the MLE and the LSM methods. The different output will aid domain experts in getting a better sense of judgement in planning of spare parts availability, reduction of service downtime and cost. This simulation can also help in estimating when it is appropriate to scrap an entire assembly relative to cost and replace with brand new parts.
Case study
The aim of the case study is to demonstrate the part deterioration to estimate reject, replace and reuse. An engine experiences various events in a specific context (in-service).
The context contains complex information about service history. The research questions include (i) how should the observed rejection rate data be converted into an understanding of the underlying parts deterioration rate towards rejection thresholds? and (ii) how to simulate the through-life performance of the predicted rejection rate of prior overall activity and future overhauls.
Results and Discussion
The statistical techniques were used in the data-driven prognostics approach to predict characteristic life and the slope/shape of the run to failure data. The cumulative distribution function estimates the rate of failure. The number of scrap parts at each inspection is predicted. The O1, O2, and O3 are the overhaul inspection stages. The number of failures and times are shown in Figure 4 . The simulation shows that with a small shape parameter, the number of parts expected to fail at each stage inspection increases, while a big shape parameter results to decrease in the expected number of failures. The total number of parts is expected to be replaced through the lifecycle of the equipment is 39 using the LSM, while 40 is scheduled to fail using the MLE. The difference in the result came from the rank estimate in the LSM. The time at which most of the performances are lost differs. The LSM works better for small samples [26] . The LSM is a suitable choice in terms of safety and reliability. From the cost perspective, where the cost of the replacing individual parts at each overhaul and the cost to replace the entire parts in the assembly has a 50% safety margin. Therefore, the time to scrap is dependent on when the cost of the former equals or greater than the latter. The precondition is to use clean data; however, any data should be presented in the expected input format. 
Conclusion
The approach and the results discussed will aid designers and engineers make tangible maintenance decisions; decide the appropriate estimation method to reduce the in-service risk of equipment. The input includes the number of parts, η, β and the failure times. When the model accepts these parameters, a simulation estimates the quantity of parts expected to fail at each point. The simulation model can be used to predict the failure in the next inspection, which will help ascertain whether the system needs to undergo for detailed maintenance, repair and overhaul. Based on the outcome, the service engineers can decide the better choice to ensure safety, reliability and cost reduction. However, the analysed information which is converted and represented in the model is from historical and current health knowledge.
TES is a strategic approach to service delivery which enables, facilitates and supports maintenance of industrial product-service systems. The tool set can guide policymakers to make better maintenance decisions and feedback to designers. The future work relates to predicting the remaining useful life of mechanical parts in an assembly.
